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a b s t r a c t

Sentiment analysis continues to be a most important research problem due to its abundant applications.
Identifying the semantic orientation of subjective terms (words or phrases) is a fundamental task for sen-
timent analysis. In this paper, we propose a new method for identifying the semantic orientation of sub-
jective terms to perform sentiment analysis. The method takes a classification approach that is based on a
novel semantic orientation representation model called S-HAL (Sentiment Hyperspace Analogue to Lan-
guage). S-HAL basically produces a set of weighted features based on surrounding words, and character-
izes the semantic orientation information of words via a specific feature space. Because the method
incorporates the idea underlying HAL and the hypothesis verified by the method of semantic orientation
inference from pointwise mutual information (SO-PMI), it can quickly and accurately identify the seman-
tic orientation of terms without the use of an Internet search engine. The results of an empirical evalu-
ation show that our method outperforms other known methods.

� 2012 Published by Elsevier B.V.
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1. Introduction

Sentiment analysis has received much attention over the past
few years as a method of extracting useful knowledge from opin-
ionated text (text with opinions or sentiments) [1–11]. It aims to
automatically detect subjective information contained in text,
identify the sentiment polarity of this subjective information, and
estimate the strength of the sentiment polarity [5,7,12]. On the
basis of sentiment analysis techniques, a variety of knowledge-
based application systems have been developed recently [13–16].
An important research direction in sentiment analysis is to identify
the sentiment polarity of individual words, known as words
semantic orientation (referred to below as WSO), which indicates
the evaluative character of a word and can vary in both direction
(positive or negative) and intensity (mild to strong) [17–20]. A
positive semantic orientation denotes a positive evaluation (i.e.,
praise) whereas a negative semantic orientation denotes a negative
evaluation (i.e., criticism). Accurate identification of WSO is of
great importance as it contributes to solve some key tasks in sen-
timent analysis, including detection of the subjectivity and seman-
tic orientation of a whole text, and computation of the strength of
the semantic orientation. Obviously, the technology for accurately
identifying the WSO can benefit a variety of applications, ranging
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entifying the semantic orientat
from automatic analysis of survey response to open questions, fil-
tering ‘‘flame” for newsgroups, tracking voters’ opinions about
political candidates, developing personalized recommendation
systems and intelligent automated chat systems [5,19].

Existing research into identifying the WSO falls into two rough
categories: sentiment lexicon construction and automatic identifi-
cation approach development. The representative work on senti-
ment lexicon construction includes the Lasswell Value Dictionary
[21] and the General Inquirer Dictionary [22]. Recently, due to
the foundational role of WordNet in semantic analysis [23], Esuli
and Sebastiani constructed the SentiWordNet, which is specifically
aimed at characterizing the sentiment polarity of word senses by
learning methods [24,25]. These lexicons have a high accuracy,
but due to their small coverage, they cannot be used to identify
the semantic orientation of new cyber-words, phrases, and do-
main-dependent words. Automatic identification of WSO usually
exploits statistical methods or learning methods to automatically
produce the semantic orientation of a given word. The automatic
identification approaches have a broad coverage, and so are able
to satisfy a wide range of applications. Representative work on
automatic identification of WSO mainly consists of: an algorithm
proposed by Hatzivassiloglou and McKeown that can partition a
set of adjectives into two clusters (positive and negative) by con-
structing a synonym and antonym connection graph [17]; a strat-
egy presented by Turney and Littman for estimating the semantic
orientation of a given word by computing the pointwise mutual
information (PMI) between the given word and paradigm words
[18,19]; an approach developed by Kamps et al. to identify the
semantic orientation of a given word by detecting the synonym
ion of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),

http://dx.doi.org/10.1016/j.knosys.2012.04.011
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relation based on WordNet [26]; a study by Esuli and Sebastiani
suggesting that a classifier can be trained to identify the semantic
orientation of a given word by utilizing an online glossary and
standard machine learning algorithms [12]; and a proposal by Du
and Tan to determine the semantic orientation of a given word
by using spectrum optimization to detect communities on the
semantic relation network [27].

Of all the above-mentioned methods for automatic identifica-
tion of WSO, the most effective one is probably that of Semantic
Orientation inference from pointwise mutual information (SO-
PMI) proposed by Turney and Littman [18,19]. The SO-PMI meth-
od is regarded as the most effective approach in existing re-
search on automatic semantic orientation identification because
it possesses some prominent advantages, such as the highest
accuracy in all available automatic identification methods, wide
applicability to various types of identification objects (words or
phrases), and easy implementation. However, a massive corpus,
such as an Internet search engine, is crucial for guaranteeing
the identification accuracy of the SO-PMI method. To obtain high
accuracy, SO-PMI usually requires online support over the Inter-
net, and therefore the identification speed is greatly restricted. In
addition, even in the case where the largest currently available
corpus, i.e., an Internet search engine, is adopted, the SO-PMI
method still cannot achieve completely satisfactory identification
accuracy.

The purpose of this study is to develop a rapid and precise
method that can be used to automatically identify WSO without
the online support of the Internet. To achieve this goal, we first
present a novel semantic orientation representation model in
which the semantic orientation information of words is character-
ized by a specific vector space. On the basis of the representation
model, a classifier is then trained to identify the semantic orienta-
tion of terms (words or phrases). The presented semantic orienta-
tion representation model draws on work from two streams of
research. One is the hypothesis that the semantic orientation of a
word tends to correspond to that of its co-occurring neighbors,
which is tested by the SO-PMI method. The second is the Hyper-
space Analogue to Language (HAL) model that was proposed as
an implementation of semantic space by Lund and Burgess
[28,29]. In our work, a specific HAL model is constructed using a
set of words with definite sentiment polarities as the base-space
of HAL. According to the hypothesis tested by the SO-PMI method,
we deem that this specific HAL model can be used as an implemen-
tation of a semantic orientation representation model. We refer to
this specific HAL model as Sentiment HAL (S-HAL). By querying S-
HAL, the semantic orientation feature vector of a word can be ac-
quired, and the semantic orientation feature vector of a phrase
can also be produced through a heuristic computation based on
S-HAL. On the basis of the semantic orientation feature vector, a
binary support vector machine (SVM) classifier is trained to predict
the semantic orientation of any given terms.

In order to evaluate the proposed method, we conduct three dif-
ferent experiments. The first experiment is a comparison of the
proposed method with other known methods. In the second exper-
iment, we analyze the effect of model parameters’ configuration on
the identification performance. The final experiment mainly evalu-
ates the heuristic combination method for producing semantic ori-
entation feature vectors for phrases, which is crucial for identifying
the semantic orientation of phrases.

The rest of the paper is organized as follows. Section 2 intro-
duces some related work that constitutes the basis of our research.
Section 3 presents the S-HAL model and a method for automatic
semantic orientation identification based on the model. Section 4
contains the experimental evaluation of the proposed identifica-
tion method, and Section 5 concludes this paper with some ideas
for future work.
Please cite this article in press as: T. Xu et al., Identifying the semantic orientati
http://dx.doi.org/10.1016/j.knosys.2012.04.011
2. Related work

This section briefly introduces some related work on the SO-
PMI algorithm and the HAL model, which constitutes an important
basis for our work.

2.1. SO-PMI

Turney and Littman proposed a general strategy for identifying
the semantic orientation of a term according to its statistical asso-
ciation with a set of positive and negative paradigm words [19].
This general strategy was called SO-A (Semantic Orientation from
Association). The basic idea of the strategy can be summarized as
follows.

Given two minimal sets of paradigm words with predefined po-
sitive and negative semantic orientations, the semantic orientation
of a word w, denoted by SO-A(w), can be computed from the
strength of its association with the paradigm words. This is written
as:

SO-AðwÞ ¼
X
pw2Sp

Aðw;pwÞ �
X
nw2Sn

Aðw;nwÞ

where Sp denotes the set of paradigm words with a positive seman-
tic orientation, Sn denotes the set of paradigm words with a nega-
tive semantic orientation, and A denotes any measurement for
association between two words. Obviously, selecting a particular
A can lead to particular instances of the strategy.

In Turney and Littman’s work, Sp and Sn were defined, respec-
tively, as follows:

Sp = {good, nice, excellent, positive, fortunate, correct, superior},
Sn = {bad, nasty, poor, negative, unfortunate, wrong, inferior}.

In order to construct a reasonable A, Turney and Littman exam-
ined several approaches and found that the most effective was a
method based on computing PMI. The PMI between two words,
w and wi, is calculated by:

PMIðw;wiÞ ¼ log2
Prðw;wiÞ

PrðwÞPrðwiÞ
� �

Turney and Littman also proposed to calculate approximate val-
ues of PMI using the NEAR operator of the AltaVista search engine.
The NEAR operator produces a match for a document when its
operands appear in the document at a maximum distance of ten
words. A ‘‘w” query, a ‘‘wi” query, and a ‘‘w NEAR wi” query were
submitted to the search engine, and the number of matching doc-
uments returned was used as an estimate of the probability for the
computation of PMI. Therefore, the strength of association of any
given word w can be calculated by the following formula:

SO-PMIðwÞ ¼
X
pw2Sp

PMIðw; pwÞ �
X
nw2Sn

PMIðw;nwÞ

¼
X
pw2Sp

log2
hitsðw NEAR pwÞ
hitsðwÞhitsðpwÞ

� �

�
X
nw2Sn

log2
hitsðw NEAR nwÞ
hitsðwÞhitsðnwÞ

� �

where hits() denotes the number of matching documents returned
by the search engine.

According to the formula, a word w is classified as having a po-
sitive semantic orientation if SO-PMI(w) is positive and a negative
semantic orientation if SO-PMI(w) is negative. Moreover, the abso-
lute value of SO-PMI(w) can be considered as the strength of the
semantic orientation. The authors have tested the SO-PMI method
on the HM term set from [17] and the categories Positive and
on of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),
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Negative defined in the General Inquirer lexicon [22]. The method
achieved an accuracy of 87.13% and 82.84%, respectively, but its
performance relied on the size of the corpora indexed by the search
engine. Experiments on three corpora of different sizes showed
that the accuracy of the method significantly declined with
decreasing corpus size [19].

2.2. HAL

HAL was proposed as an implementation of semantic space by
Lund and Burgess [28,29]. Semantic space is one in which words
are represented by points, and often has a large number of dimen-
sions; the position of each point along each axis is somehow re-
lated to the meaning of the word [30]. HAL is enlightened by the
intuition phenomenon of the human cognitive process: a human
encountering a new concept derives its meaning by employing
the accumulated experience of the contexts in which the concept
appears.

From Burgess and Lund’s research, the procedure of automati-
cally constructing the HAL space from a text corpus can be
described as follows. A sliding window of length K is moved
across the text corpus at one-word increments, ignoring
punctuation and sentence or paragraph boundaries. All words
wi;wiþ1;wiþ2; � � �wiþK�1 within the window are considered as co-
occurring with the first word wi with strengths inversely propor-
tional to the distance between them, i.e., the weight between wi

and wi+j is calculated as K � j. After moving the window one word
at a time across the whole corpus, the HAL space—an accumulated
co-occurrence matrix for all words in the target vocabulary—is pro-
duced. The resulting HAL space is an N � N matrix, where N de-
notes the vocabulary size. Table 1 presents the HAL space for the
example text ‘‘If I get opportunity, I will work hard.”

As can be seen from Table 1, the HAL space is direction sensi-
tive, i.e., for every word in the target vocabulary, the co-occurrence
information for words appearing before/after it is recorded sepa-
rately by the row/column of the HAL matrix. The row/column pair
may be concatenated so that, given a vocabulary T consisting of N
words, a word can be represented via a vector of length 2N in HAL
space. If we neglect the directional sensitivity, and add the row and
column into one vector for every row/column pair, the dimension
of the representation vector for each word will eventually be re-
duced to the vocabulary size N. Once the HAL space is built, the
context information for each word in vocabulary Twill be captured
and stored in a HAL vector. As an example, part of the HAL vector
for the word ‘‘compete” is as follows:

Vcompete = hindustry: 105, business: 105, firms: 109, market: 336,
effectively: 141, markets: 167, ability: 130, world: 214, better: 117,
international: 102, . . .i.

2.3. Research gaps

Based on our review, there are some research gaps that moti-
vate the work presented in this paper.

T. Xu et al. / Knowledge-Base
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Table 1
An example of HAL space (K = 5).

If I Get Opportunity Will Work Hard

If 0 0 0 0 0 0 0
I 7 3 4 5 0 0 0
Get 4 5 0 0 0 0 0
Opportunity 3 4 5 0 0 0 0
Will 1 7 3 4 0 0 0
Work 0 5 2 3 5 0 0
Hard 0 3 1 2 4 5 0

Please cite this article in press as: T. Xu et al., Identifying the semantic orientatio
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(1) The SO-PMI method is prevented from achieving higher
identification accuracy by the very limited number of para-
digm words chosen, and by the value of the classification
boundary between positive and negative categories being
simply set to 0. Thus, SO-PMI is worthy of further study to
improve the method by eliminating the impact of the para-
digm word selection and by employing a more effective clas-
sifier to capture the complex classification rules between the
positive category and the negative category.

(2) The time efficiency and applicability of the SO-PMI method
is limited because it relies on an Internet search engine. If
the Internet is viewed as a massive corpus, a search engine
can be viewed as a statistical language model. Therefore,
additional research is worthwhile in order to apply a rela-
tively small-scale offline corpus to replace the Internet by
employing a more efficient statistical language model, such
as HAL, to measure precise co-occurrence information in a
corpus.

(3) HAL is a general semantic representation model; however,
semantic orientation is a specific type of semantic character-
istic. Thus, improving HAL’s ability to represent semantic
orientation characteristics by adopting a specific base-space
is worthy of further study.

3. Method

3.1. S-HAL construction

Following the idea underlying the original HAL, this section pre-
sents a specific HAL model that focuses on the representation of
semantic orientation information. Our specific HAL model is called
Sentiment HAL (S-HAL). During the construction of the original
HAL, two questions need to be answered: one is how to set the
base-space for characterizing the context, and the other is how
to use contextual information to represent the semantic character-
istics of words. To answer the first question, the original HAL mod-
el adopts the set of all words contained in a corpus as the base-
space of the context. To answer the second question, the co-occur-
rence frequency between a target word and the context is used to
express the semantic characteristics of the target word.

To construct S-HAL while focusing on the representation of
semantic orientation information, the above two questions need
to be considered. As described in Section 2.1, the SO-PMI method
shows that the semantic orientation of a word tends to correspond
to the semantic orientation of its co-occurring neighbors. Therefore,
in constructing S-HAL, we select a specific set of wordswith definite
semantic orientation to use as the base-space of the context, and
employ the co-occurrence statistics between target word and con-
text (i.e., the words with definite semantic orientation) to charac-
terize the semantic orientation information of the target word.
The construction procedure of S-HAL can be described as follows.

Consider a set of words with definite semantic orientation, de-
noted by S, where |S| is the size of S. A sliding window of length
2K � 1 is moved across the text corpus at one-word increments,
ignoring punctuation and sentence or paragraph boundaries. All
words wi�Kþ1;wi�Kþ2; . . .wi�2;wi�1;wi;wiþ1;wiþ2; . . .wiþK�1 within the

window are considered as co-occurring with the target word wi.
For any co-occurrence pair hwi, wi+ji, j e {�K + 1, �K + 2, . . ., �2,
�1, 1, 2, . . . ,K � 1}, if wi+j e S, the co-occurrence weight between
wi and wi+j, denoted by n(wi, wi+j), is calculated using formula (1)
or formula (2). After moving the window over the whole corpus,
the S-HAL space, an accumulated co-occurrence weight matrix
for all words in the target vocabulary, is produced. The resulting
S-HAL space is an N � |S| matrix, where N denotes the target vocab-
ulary size.
n of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),
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There are a variety of computing techniques to evaluate the co-
occurrence weight between wi and wi+j [31]. In this paper, we gen-
erate the co-occurrence weight using two strategies: one is a value
inversely proportional to distance, similar to the weighting method
of the original HAL; the other is a fixed value that ignores the dis-
tance factor, similar to the method of counting the total co-occur-
rence frequency in SO-PMI. The two strategies can be formalized
with the following equations.

Strategy 1 (inversely proportional to distance):

nðwi;wiþjÞ ¼ K � jjj ð1Þ
Strategy 2 (ignoring the distance factor):

nðwi;wiþjÞ ¼ 1 ð2Þ
The resulting S-HAL space is an N � |S| matrix, as shown in (3),

wherein each row vector can be considered as the representation
of the semantic orientation of word ti in the target vocabulary.

S-HAL ¼

s1 s2 � � � sjsj
wt1 ;s1 wt1 ;s2 � � � wt1 ;sjSj

wt2 ;s1
. .
.

q ..
.

..

. . .
.

q ..
.

wtN ;s1 � � � � � � wt1 ;s1

2
666666664

3
777777775

N�jSj

ð3Þ

where si e S.

3.2. Semantic orientation identification for terms based on S-HAL

This section presents a method for identifying the WSO of terms
based on the classification of semantic orientation feature vectors
derived from S-HAL. To build the classification model of semantic
orientation feature vectors, standard machine learning techniques
are employed. The training set can be derived from the accumu-
lated work of others on semantic orientation research, wherein
many hand-labeled sentiment lexicons are available. Specifically,
our method consists of the following five steps.

Step 1: For each word in the training set, acquire its semantic
orientation feature vector from a pre-trained S-HAL model.
Step 2: Perform feature selection in the original feature space.
Step 3: On the basis of the resulting feature set from Step 2, con-
vert the semantic orientation feature vector into a normalized
numeric vector.
Step 4: If phrases are contained in the training set or test data-
set, generate the semantic orientation feature vector of phrases
based on the semantic orientation feature vector of words con-
tained in the phrase.
Step 5: Train a binary classifier using the normalized numeric
vectors of the training set, and then use the resulting classifier
to identify the WSO of a given term.

3.2.1. Step 1: Acquire semantic orientation feature vectors
On the basis of the S-HAL model proposed in Section 3.1, this

step is straightforward. After setting a base-space S, the S-HAL
model can be automatically built on the given corpus. In the
S-HAL model, information about each word’s semantic orientation
is contained in a numeric vector characterized by S, which is ex-
actly the semantic orientation feature vector. Thus, by querying
the trained S-HAL model, the semantic orientation feature vector
of each word ti in the training set, denoted by ½wtia1 ;wtia2 ;

. . .w � where a e S, can be obtained.

4 T. Xu et al. / Knowledge-Bas
tiajSj j
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373.2.2. Step 2: Perform feature selection for the semantic orientation
37feature vector
37The length of the original semantic orientation feature vector de-
38rived from S-HAL is |S|, i.e., the size of the base-space. When |S| is a
38relatively large value, the presence of noisy and redundant features
38is a major concern. To improve classification accuracy and effi-
38ciency, we perform a selection to pick out discriminating features.
38In previous studies, Information Gain (IG) has been shown to
38work well for various text categorization tasks. This is an effective
38univariate method that considers features individually [32–35]. In
38this step, we employ IG to conduct a feature selection for the ori-
38ginal semantic orientation feature vector. IG can be defined as
38follows:
39

IGðaiÞ ¼ �
XjCj
k¼1

PðckÞ log PðckÞ þ PðaiÞ
XjCj
k¼1

PðckjaiÞ log PðckjaiÞ

þ Pð�aiÞ
XjCj
k¼1

Pðckj�aiÞ log Pðckj�aiÞ ð4Þ
3939

39where ai e S, C = {positive, negative} denotes the set of categories, P
39(ck) denotes the probability that category ck occurs, P(ai) denotes
39the probability that feature ai occurs, and Pð�aiÞ denotes the proba-
39bility that feature ai does not occur.

393.2.3. Step 3: Convert the semantic orientation feature vector into a
39normalized numeric vector
39Following feature selection, the semantic orientation feature
40vector is still frequency-based, i.e., a highly frequent feature
40generally receives a high weight. To achieve better classification
40accuracy, the semantic orientation feature vectors need to be re-
40weighted and normalized by appropriate methods. In this step,
40we re-weight and normalize the semantic orientation feature
40vectors by one of the following methods.

403.2.3.1. Re-weighting method I: tf.idf scheme. This method adopts a
40weighting scheme analogous to TF-IDF [36] and the cosine formula
40to re-weight and normalize the dimensions of the semantic orien-
40tation feature vector, as shown below:
41

wtiaj ¼ wtiaj � log
Nvector

vf ðajÞ ð5Þ
4141

41

wtiaj ¼
wtiajPN̂

l¼1ðwtial Þ2
� �1

2
ð6Þ

4141

41where Nvector denotes the total number of vectors, vf(aj) denotes the
41number of vectors with the dimension aj, and N̂ denotes the size of
41the feature subset generated by feature selection.

413.2.3.2. Re-weighting method II: PMI scheme. Considering that the
42SO-PMI method is a very effective approach to measuring semantic
42orientation, a weighting scheme analogous to PMI calculation
42[18,19,25,37] is employed to re-weight the dimensions of the
42semantic orientation feature vector. This method can be described
42as:
42

wtiaj ¼
wtiajPN̂

l¼1wtial �
PN̂

k¼1wajak

ð7Þ
4242

423.2.3.3. Re-weighting method III: 0–1 scheme. Considering the time
42efficiency of classifier training, a simple re-weighting method,
43the 0–1 scheme, is designed as follows:
43

wtiaj ¼
1 if wtiaj > 0
0 if wtiaj ¼ 0

(
ð8Þ

4343
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After each dimension is re-weighted by one of above methods,
all semantic orientation feature vectors are converted into normal-
ized numeric vectors that can be used for various machine learning
algorithms.

3.2.4. Step 4: Combine the semantic orientation feature vectors of
phrases

From the definition of S-HAL, the semantic orientation feature
vector of phrases cannot be directly queried from the model. When
phrases are contained in the training or test sets, the semantic ori-
entation feature vector of phrases must be generated by heuristi-
cally combining those of words in the phrase. In this step, we
acquire the semantic orientation feature vector of phrases by using
one of the following heuristic combination methods.

Let t1 � t2 denote the phrase consisting of words t1 and t2, and
wt1�t2aj denote the weight of feature aj of the semantic orientation
feature vector of phrase t1 � t2. We have:

Combination method I: Min scheme

wt1�t2aj ¼ Minðwt1aj ;wt2aj Þ ð9Þ
Combination method II: Max scheme

wt1�t2aj ¼ Maxðwt1aj ;wt2aj Þ ð10Þ
Combination method III: Product scheme

wt1�t2aj ¼ wt1aj �wt2aj ð11Þ
Obviously, the resulting phrase is a new word, which, in turn,

can be composed into other phrases via heuristic combination.

3.2.5. Step 5: Train a binary classifier for semantic orientation
identification

After Steps 1–4 (if datasets do not contain phrases, this step
ought to be skipped) are finished, the semantic orientation feature
vector of each term in the training set is converted into a normal-
ized numeric vector. In this step, these vectors are input into a
standard supervised learner that generates a binary classifier of
semantic orientation.

SVMs have been shown to be highly effective at traditional text
categorization. In prior studies on semantic orientation classifica-
tion, the SO-A method can be viewed as a simple linear binary clas-
sifier that is, in a sense, similar to a SVM classifier. Indeed, a SVM
classifier exhibited the best performance in Esuli and Sebastiani’s
work [12]. Therefore, we employ a SVM classifier to train the mod-
el to identify the semantic orientation of terms.

Note that SVMs are based on the structural risk minimization
principle from computational learning theory, i.e., the basic idea
behind the SVM training procedure is to seek a hyperplane that
separates the elements in one class from those in another class
with as large a margin as possible. According to the analysis intro-
duced in Section 2.3, one of the shortcomings of the SO-PMI meth-
od is that the classification boundary is manually chosen as the
value 0, and one of the aims of this work is to optimize the classi-
fication boundary. Therefore, in principle, a SVM classifier is help-
ful for achieving our goal of an optimal classification boundary.

In all experiments reported in this paper, the libsvm package is
used for training and testing the SVM classifier, with the RBF kernel
adopted and all other parameters set to their default values (the
libsvm package is available at http://www.csie.ntu.edu.tw/~cjlin/).

4. Experiments

In order to evaluate the proposed method, we conducted three
different experiments. The first experiment was a comparison of
the proposed method with other known methods on the same test
bed. In the second experiment, we analyzed the effect of the model
Please cite this article in press as: T. Xu et al., Identifying the semantic orientat
http://dx.doi.org/10.1016/j.knosys.2012.04.011
parameters’ configuration on the identification performance. The
final experiment mainly evaluated the heuristic combination
method for producing the semantic orientation feature vector of
phrases, which is crucial for identifying the semantic orientation
of phrases. This section details the experimental datasets, imple-
mentation, and results.

4.1. Data sets and evaluation methodology

4.1.1. Corpora and lexicons
The experimental evaluation was performed on two different

Chinese corpora (used for training the S-HAL model) and on three
different Chinese sentiment lexicons (used for training and testing
the classifier). The Chinese text POS tool of ICTCLAS was applied to
parse and tag the parts-of-speech in all corpora (the ICTCLAS pack-
age is available at http://ictclas.org/ictclas_download.asp).

To construct the S-HAL model, two versions of the Sogou CS cor-
pus were employed (complete version SogouCS corpus and reduced
version SogouCSReduced corpus; the Sogou CS corpus is released by
Sogou laboratory and is available at http://www.sogou.com/labs/
dl/cs.html). The SogouCS corpus is the set of all news pages on
www.sohu.com from January 2008 to June 2008. The SogouCS cor-
pus contained a total of 2,820,059 pages and approximately 530
million words after removing all stop words and numerical sym-
bols. After further removing all infrequent words that occurred
fewer than 40 times in the corpus, the SogouCS corpus contained
a total of 116,233 distinct words, which formed the target vocabu-
lary of S-HAL, denoted by V. As a subset of SogouCS corpus, the Sog-
ouCSReduced corpus is the set of news pages on www.sohu.com in
June 2008. The SogouCSReduced corpus contained a total of 576,364
pages and approximately 120 million words after removing all stop
words and numerical symbols.

To train and test the SVM classifier, we adopted three different
lexicons that were hand-labeled with a semantic orientation (posi-
tive or negative): H lexicon, T lexicon, and P lexicon. The H lexicon
was a list of words with definite semantic orientation, released
by Hownet [38] (the H lexicon is available at www.keenage.com/
html/c_index.html); the T lexicon was a list of words with definite
semantic orientation created by Li [39] (the T lexicon is available at
http://nlp.csai.tsinghua.edu.cn/site/index.php?page=resources);
the P lexiconwas a list of phrases that were automatically extracted
from user comments in Web forums and manually labeled with a
semantic orientation by ourselves.

The original H lexicon consisted of 4528 words with positive
semantic orientation and 4320 words with negative semantic ori-
entation. After removing all words for which the semantic orienta-
tion labels were self-contradictory or contradictory to the T lexicon,
there were 4366 words with positive semantic orientation and
4178 words with negative semantic orientation. After further
removing all infrequent words that were not contained in the tar-
get vocabulary of S-HAL, 3172 words with positive semantic orien-
tation and 2534 words with negative semantic orientation were
left. Ultimately, this list of 5706 words was used as the H lexicon
in our experiments.

The original T lexicon consisted of 5567 words with positive
semantic orientation and 4468 words with negative semantic ori-
entation. After preprocessing in a similar way to the H lexicon, a list
of 6850 words (3986 positive and 2864 negative) was ultimately
used as the T lexicon in our experiments.

Note that some 2074 words overlapped between the H lexicon
and the T lexicon. Thus, there were a total of 10,482 distinct words
when these were merged into a larger lexicon. In the experiments,
we denote this larger list as the H + T lexicon, and use it as the ini-
tial base-space of S-HAL.

The P lexicon consisted of 920 phrases with positive semantic
orientation and 864 phrases with negative semantic orientation.
ion of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),

http://www.csie.ntu.edu.tw/~cjlin/
http://www.ictclas.org/ictclas_download.asp
http://www.sogou.com/labs/dl/cs.html
http://www.sogou.com/labs/dl/cs.html
http://www.sohu.com
http://www.sohu.com
http://www.keenage.com/html/c_index.html
http://www.keenage.com/html/c_index.html
http://www.nlp.csai.tsinghua.edu.cn/site/index.php?page=resources
http://dx.doi.org/10.1016/j.knosys.2012.04.011


562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600
601
603603

604

605

606

607

608

609

610

611

612

613

614

615

616

617
618

620620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

6 T. Xu et al. / Knowledge-Based Systems xxx (2012) xxx–xxx

KNOSYS 2281 No. of Pages 11, Model 5G

19 April 2012
All phrases were extracted from consumer reviews or news com-
ments in Web forums, and were manually labeled with majority
rule by five computer science postgraduates. Moreover, all words
comprising these phrases were contained in the target vocabulary
of S-HAL.

4.1.2. Dataset construction
On the basis of the three lexicons described above, we con-

structed the six datasets below for training and testing the SVM
classifier.

(1) Data set 1 was based on the H + T lexicon. We performed
fivefold cross-validation on all 10,482 words in theH + T lex-
icon, and balanced these words across classes.

(2) Data set 2 was based on the H lexicon. We performed fivefold
cross-validation on all 5706 words in the H lexicon, and bal-
anced these words across classes.

(3) Data set 3 was based on the T lexicon. We performed fivefold
cross-validation on all 6850 words in the T lexicon, and bal-
anced these words across classes.

(4) Data set 4 was based on the H lexicon and the T lexicon. After
2074 words that overlapped both the H lexicon and the T lex-
icon were removed from the H lexicon, the remaining 3632
words in the H lexicon were used as a training set. The T lex-
icon was also used as a testing set.

(5) Data set 5 was based on the H lexicon and the T lexicon. After
2074 words that overlapped both the H lexicon and the T lex-
icon were removed from the T lexicon, the remaining 4776
words in the T lexicon were used as a training set. The H lex-
icon was also used as a testing set.

(6) Data set 6 was based on the H + T lexicon and the P lexicon. In
this data set, the H + T lexicon was used as a training set, and
the P lexicon was used as a testing set.

4.1.3. Evaluation measures
To evaluate the performance of our method, the standard Accu-

racy and F-measure were used. The Accuracy is defined simply as
the ratio of number of correctly classified words to the total num-
ber of words.

The F-measure is computed by combining the Precision and Re-
call in the following way:

F-measure ¼ 2 � Precision � Recall=ðPrecisionþ RecallÞ

where Precision is defined as the ratio of number of correctly as-
signed category C words to the total number of words classified
as category C. Recall is the ratio of correctly assigned category C
words to the total number of words actually in category C. Since
F-measure is computed for each category separately, for a compre-
hensive evaluation, we aggregated the F-measure scores over two
categories by using the Macro- and Micro-averages of the F-measure
scores. In Micro-average, each word is given an equal weight, while
Macro-average gives each category equal weight.

In addition, to verify the impact of different parameter settings
on the classifier’s performance, we employed McNemar’s signifi-
cance test [40]. This is a v2-based significance test under the null
hypothesis that two classifiers will have the same error rate on
the test set. The statistic v is defined as:

v ¼ ðjn01 � n10j � 1Þ2=ðn01 þ n10Þ

where n01 denotes the number of examples misclassified by classi-
fier A but not by classifier B and n10 denotes the number of exam-
ples misclassified by classifier B but not by classifier A. Dietterich
showed that, under the null hypothesis, v is approximately distrib-
uted as a v2 distribution with one degree of freedom. In this paper,
Please cite this article in press as: T. Xu et al., Identifying the semantic orienta
http://dx.doi.org/10.1016/j.knosys.2012.04.011
we selected the significance level 0.05 to correspond to the thresh-
old v = 3.84.

4.2. Experiment 1: Comparison of proposed method against other
known methods

In order to evaluate the effectiveness of the proposed method
for semantic orientation identification, we conducted experiments
on Data sets 1–6. For comparison, the SO-PMI method [19] and the
methods presented in [12,27] were also implemented to classify
the same data sets. The SO-PMI method was regarded as one of
the best approaches in previous research on identifying the seman-
tic orientation of terms; the method presented in [12] not only
showed excellent performance but was also used as the technical
basis for generating SentiWordNet; the method presented in [27]
is the latest published method for identifying the semantic orien-
tation of Chinese words.

In implementing the proposed method, we adopted the baseline
parameter configuration. Specifically, the SogouCS corpus was
adopted for training S-HAL; the target vocabulary of S-HAL was
the set V defined in Section 4.1; the list of 10,482 words contained
in the H + T lexicon was used as the initial base-space of S-HAL; the
sliding window for training S-HAL had a length of 10 words; the
strategy for evaluating co-occurrence weights was Strategy 1 de-
fined in Section 3.1; the feature selection step for the semantic ori-
entation vector was skipped; the re-weighting method for
normalizing the semantic orientation vector was method I (tf.idf
scheme) defined in Section 3.2; and for phrases in Data set 6, com-
bination method I (Min scheme) defined in Section 3.2 was used to
generate the semantic orientation vector of a phrase.

To implement the SO-PMI method, we adopted the Yahoo!
Search API to obtain hit() values (the Yahoo! Search API is available
at http://developer.yahoo.com/search/). In our experiment, we
used the NEAR operator provided by the Yahoo! API to estimate
the co-occurrence frequency, and the scope for the search engine
was set to ‘‘in the web.” In selecting paradigm words for the SO-
PMI method, we employed the two groups of words listed in Table
2. One consisted of 14 words from the original SO-PMI method [19]
and the other was composed of 40 words based on the work in
[41].

The method presented in [12] was implemented with the para-
digm words in Table 2 as the seed sets for expansion, and synonym
and antonym expansion was simultaneously performed for five
iterations based on the lexical relation source provided by an elec-
tronic thesaurus (the thesaurus is available at www.365zn.com/
fyc/ and www.ir-lab.org/). The creation of textual representations
of terms is based on the use of glosses extracted from The Contem-
porary Chinese Dictionary. In the process of training a text classifier,
a SVM binary classifier was adopted.

To perform the method presented in [27], the SogouCS corpus
was adopted to compute the co-occurrence similarity, and other
experimental settings were consistent with the original method
in [27].

Table 3 shows the results for our method and other methods
across Data sets 1–6. Comparison of the results shows that our
method outperforms the other methods across all data sets,
although the results achieved with different data sets varies
greatly. Conceptually, our approach is most similar to the SO-PMI
method because the co-occurrence information in massive corpora
is used as the key feature for identifying the semantic orientation
of terms. Experimental results suggest that our approach makes
more efficient use of these corpora than the SO-PMI method. Sim-
ilar to the method presented in [12], our approach trains a binary
classifier to identify semantic orientation based on the feature vec-
tor representation of terms. However, the difference is that our ap-
proach adopts co-occurrence information rather than semantic
tion of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),
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Table 2
Paradigm words used in the SO-PMI method and the method presented in [12].

Group Positive Negative

14 word version Good (好) Nice (美好) Bad (坏) Nasty (讨厌)
Excellent (杰出) Positive (积极) Poor (卑鄙) Negative (消极)
Fortunate (幸运) Correct (正确) Unfortunate (不幸) Wrong (错误)
Superior (优秀) Inferior (低劣)

40 word version Grateful (感激) Splendid (出色) Distorted (扭曲) Wrong (错误)
Energetic (活力) Brilliant (光辉) Corrupted (崩溃) Agonizing (烦恼)
Mellow (成熟) Virtuous (善良) Psychopathic (变态) Poor (卑鄙)
Remarkable (非凡) Beautiful (漂亮) Morose (郁闷) Negative (消极)
Excellent (杰出) Honest (诚实) Dishonest (虚假) Nasty (讨厌)
Positive (积极) Fortunate (幸运) Hidebound (保守) Tragic (悲惨)
Polite (礼貌) Harmonious (和谐) Rude (粗暴) Horrible (可怕)
Nice (美好) Comfortable (舒服) Unfortunate (不幸) Stupid (痴呆)
Lenient (宽容) Peaceful (和平) Inferior (低劣) Unhealthy (不良)
Correct (正确) Superior (优秀) Silly (糊涂) Shameful (耻辱)

Table 3
Accuracy, Macro-F1, and Micro-F1 results of the proposed method using the baseline configuration, and comparison with the performance of the SO-PMI method.

Method Data set 1 Data set 2 Data set 3 Data set 4 Data set 5 Data set 6

Proposed method Accuracy 0.8646 0.8503 0.9241 0.8711 0.8106 0.9211
Macro-F1 0.8629 0.8484 0.9221 0.8691 0.8074 0.9189
Micro-F1 0.8648 0.8503 0.9242 0.8718 0.8102 0.9206

SO-PMI (with 14 paradigm words) Accuracy 0.7453 0.7143 0.7790 0.7790 0.7143 0.6809
Macro-F1 0.7429 0.7092 0.7788 0.7788 0.7092 0.6475
Micro-F1 0.7399 0.7049 0.7777 0.7777 0.7049 0.6477

SO-PMI (with 40 paradigm words) Accuracy 0.8304 0.8006 0.8696 0.8696 0.8006 0.7506
Macro-F1 0.8275 0.7976 0.8661 0.8661 0.7976 0.7435
Micro-F1 0.8303 0.8003 0.8696 0.8696 0.8003 0.7436

Method in [12] (with 14 paradigm words) Accuracy 0.8178 0.7861 0.8593 0.8593 0.7861 –
Macro-F1 0.8122 0.7834 0.8537 0.8537 0.7834 –
Micro-F1 0.8169 0.7857 0.8585 0.8585 0.7857 –

Method in [12] (with 40 paradigm words) Accuracy 0.8142 0.7880 0.8583 0.8583 0.7880 –
Macro-F1 0.8102 0.7812 0.8529 0.8529 0.7812 –
Micro-F1 0.8146 0.7867 0.8585 0.8585 0.7867 –

Method in [27] Accuracy 0.7589 0.7057 0.7725 0.7725 0.7057 –
Macro-F1 0.7572 0.7012 0.7689 0.7689 0.7012 –
Micro-F1 0.7586 0.7044 0.7716 0.7716 0.7044 –

‘‘–” Denotes that the corresponding method cannot be used for phrase-level classification.
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information of a glossary. Experimental results suggest that co-
occurrence information in a massive corpus is more efficient than
semantic information from a glossary in the semantic orientation
identification of terms. Compared with their performance on Data
sets 1 and 4, our method and all comparison methods showed a
relatively low performance on Data sets 2 and 3. This may be be-
cause the H lexicon contains more noise than does the T lexicon.
We also noticed that the results achieved by the SO-PMI method
with 14 paradigm words were clearly inferior to the results re-
ported for the English task in [19]. After the set of paradigm words
was expanded from 14 to 40 words based on related research in
the Chinese field, the performance of the SO-PMI method greatly
improved. Its time efficiency decreased linearly with the increase
in the size of the paradigm words set. In our experiment, the time
cost of classifying each word was 260 s using the SO-PMI method
with 40 paradigmwords. As a comparison, in our method, the most
time-consuming work is to build the S-HAL model, but it is one-
time cost. Once S-HAL was constructed, the time cost for training
the classifier was about 900 s, and the time cost of classifying each
word was 0.12 s based on the trained classifier.

4.3. Experiment 2: Effect of parameter configuration

In this experiment, we analyzed the effect of the model param-
eters’ configuration on the identification performance.
Please cite this article in press as: T. Xu et al., Identifying the semantic orientatio
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4.3.1. Varying the number of dimensions of the semantic orientation
feature vector

As mentioned in Section 3.2, we performed IG-based feature
selection to pick out discriminating features. In this section, we ex-
plore the effect of varying the size of the feature set.

In the experiment, we evaluated 13 different feature set sizes by
manually setting IG thresholds. To convert the semantic orienta-
tion feature vector into a normalized numeric vector, the three dif-
ferent re-weighting methods introduced in Section 3.2 were used.
The other setup used in the experiment was the baseline configu-
ration introduced in Section 4.2.

Fig. 1 displays the accuracy of the three re-weighting methods
with respect to feature number. This shows that the tf.idf and 0–
1 re-weighting schemes outperform the PMI re-weighting scheme
in almost all cases. However, the effect of the tf.idf re-weighting
scheme and the 0–1 re-weighting scheme was very similar. Thus,
we employed McNemar’s significance test to further evaluate the
effect of these two schemes, and the results are presented in Table
4. In addition, we can observe from Fig. 1 that once the number of
features exceeded 6000, the performance of each method im-
proved only slightly with a further increase in the number of
features.

As Table 4 shows, at the test level of p = 0.05, the two re-weight-
ing schemes (tf.idf and 0–1) have the same performance across all
data sets when the size of the feature set employed exceeds 1000.
n of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),
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Fig. 1. Effect of varying the number of dimensions of the semantic orientation feature vector for: (a) Data set 1; (b) Data set 2; (c) Data set 3; (d) Data set 4; (e) Data set 5; (f)
Data set 6.

Table 4
P-values of McNemar’s significance test for difference between the tf.idf and 0–1 re-weighting schemes.

Size of feature set

14 40 500 1000 2000 3000 4000 5000 6000 7000 8000 9000 10482

Data set 1 <0.05 <0.05 <0.05 <0.05 – – – – – – – – –
Data set 2 – – – <0.05 – – – – – – – – –
Data set 3 <0.05 <0.05 <0.05 – – – – – – – – – –
Data set 4 <0.05 – – <0.05 – – – – – – – – –
Data set 5 <0.05 – <0.05 – – – – – – – – – –
Data set 6 <0.05 <0.05 <0.05 – – – – – – – – – –

‘‘–” Denotes p-value > 0.05.
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Although there is a significant performance difference when em-
ployed in a relatively small feature set, such sets are rarely used
in practice due to their poor performance. Thus, we believe that
the tf.idf re-weighting scheme is not superior to the 0–1 re-weight-
ing scheme.

In addition, Macro-F1 and Micro-F1 also exhibited similar char-
acteristics to Accuracy. Hence, for reasons of space, the rest of this
paper omits to report these measures in detail.

4.3.2. Varying the training set size for the SVM classifier
For supervised learning algorithms, such as SVM, the size of the

training set may affect the performance of the classifier. In the pre-
vious experiments, all SVM classifiers were trained by sets of fixed
size. In this section, we will explore the effect of varying the size of
the training set.

This experiment was conducted on Data sets 1–3, each of which
was randomly split into a training set and a testing set according to
different specified proportions. The proportions adopted in the
experiment were 9:1, 8:2, 7:3, 6:4, 5:5, 4:6, 3:7, 2:8, and 1:9. In or-
der to eliminate the impact of random factors on the results, we re-
peated the experiment 10 times for each split proportion and
computed the average results. We adopted the three different re-
weighting methods introduced in Section 3.2 to convert the
Please cite this article in press as: T. Xu et al., Identifying the semantic orientat
http://dx.doi.org/10.1016/j.knosys.2012.04.011
semantic orientation feature vector into a normalized numeric vec-
tor, and the other setup used in this experiment was the baseline
configuration introduced in Section 4.2.

Fig. 2 shows the accuracy curves with respect to varying sizes of
training set for the SVM classifier. This figure shows that, by adopt-
ing either the tf.idf re-weighting scheme or the 0–1 re-weighting
scheme, the number of training samples has little effect on the per-
formance of the SVM classifier. However, if the PMI re-weighting
scheme is used, the performance of the SVM classifier would be
greatly affected by the number of training samples.

4.3.3. Varying the parameter setup for training S-HAL
As discussed in Section 3.2, deriving a vector representation of

the semantic orientation information of words from S-HAL is a cru-
cial step. The experiment in this section is designed to explore the
effect of the S-HAL model on the result of semantic orientation
identification. We tested various parameters, including corpus size,
length of sliding window, and weighting strategy, in training S-
HAL.

This experiment was conducted on Data set 1. In the process of
constructing S-HAL, we experimented with two corpora (SogouCS
and SogouCSReduced), sliding window lengths varying from 4 to
14 words, and the two weighting strategies introduced in Section
ion of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),
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Fig. 2. Effect of varying the training set size for the SVM classifier on: (a) Data set 1; (b) Data set 2; (c) Data set 3.
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training S-HAL.
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3.1. The three re-weighting methods introduced in Section 3.2
were adopted to convert the semantic orientation feature vector
into a normalized numeric vector, and the other setup used in this
experiment was the baseline configuration introduced in Section
4.2.
Please cite this article in press as: T. Xu et al., Identifying the semantic orientati
http://dx.doi.org/10.1016/j.knosys.2012.04.011
Fig. 3 illustrates the accuracy of the semantic orientation iden-
tification algorithm for different S-HAL training parameter config-
urations. Fig. 3 shows that corpus size is a crucial factor in
improving the performance of the present method. Another obser-
vation is that, although a 10-word sliding window is an appropri-
on of terms using S-HAL for sentiment analysis, Knowl. Based Syst. (2012),

http://dx.doi.org/10.1016/j.knosys.2012.04.011


792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927ACM 38 (11) (1995) 39–41.

10 T. Xu et al. / Knowledge-Based Systems xxx (2012) xxx–xxx

KNOSYS 2281 No. of Pages 11, Model 5G

19 April 2012
ate choice, the length of this window does not have a significant ef-
fect on the accuracy of the identification algorithm. In addition,
weighting strategy 1 slightly outperforms weighting strategy 2
for all re-weighting schemes.

4.4. Experiment 3: Effect of the combination method

As discussed in Section 3.2, it is necessary to generate semantic
orientation feature vectors by heuristic combination when phrases
are contained in the training or test data. In Section 3.2, three com-
bination methods were proposed. In this section, we will investi-
gate which combination method is the most effective for
identifying the semantic orientation of phrases.

In this experiment, Data set 6 was employed, and the three re-
weighting methods introduced in Section 3.2 were adopted to con-
vert semantic orientation feature vectors into normalized numeric
vectors. To train the S-HAL model, we experimented with the Sog-
ouCS corpus and the two weighting strategies introduced in Section
3.1. The other setup used in this experiment was the baseline con-
figuration introduced in Section 4.2.

Fig. 4 plots the performance of the three combination methods
for semantic orientation identification. This shows that the Min
scheme has a clear advantage in phrase combination accuracy for
each of the weighting strategies of S-HAL. Note that the perfor-
mance of the Max scheme dramatically decreased when the 0–1
re-weighting method was adopted. This may be because the 0–1
re-weighting method enlarges the effect of information redun-
dancy brought about by the Max combination scheme. Besides,
compared with co-occurrence weighting strategy 1 used for train-
ing S-HAL, co-occurrence weighting strategy 2 shows relatively
low performance across all combination methods and re-weighting
methods. This is consistent with the experimental results in Sec-
tion 4.3.3.

5. Conclusion

In this study, we have presented a novel method for automati-
cally identifying the semantic orientation of subjective terms
(words or phrases). We first proposed a semantic orientation rep-
resentation model that integrated the ideas underlying the HAL
model and the SO-PMI method, and then, on the basis of the model
and freely available sentiment lexicons, a binary classifier was
trained to predict the semantic orientation of any given term. We
conducted experiments to compare our method with other known
methods, and investigated the effect of varying the configuration of
some principal model parameters.

Experimental results indicated that our method outperformed
the SO-PMI method and several other published methods. Thus,
it will facilitate a wide variety of applications in sentiment analysis
due to its high accuracy and ability to be used without the online
support of the Internet. Moreover, compared with the original
HAL model, S-HAL showed advantages in modeling semantic orien-
tation characteristics. As an enhanced model that transforms
semantic space into a subspace focusing on semantic orientation
information, S-HAL not only provides a more accurate representa-
tion of semantic orientation characteristics, but also confirms that
a more specific semantic-subspace model can be developed by
employing an appropriate base-space and corresponding measure-
ment. Furthermore, our work examined the hypothesis proposed
in SO-PMI that the semantic orientation of a word tends to corre-
spond to that of its co-occurring neighbors, and revealed that dif-
ferent methods for weighting co-occurrence strength have a
significant effect on semantic orientation identification.

Finally, it is important to point out that, like many existing
methods [12,17,19,26,27], our approach assumes that the classifi-
Please cite this article in press as: T. Xu et al., Identifying the semantic orienta
http://dx.doi.org/10.1016/j.knosys.2012.04.011
cation terms are subjective. Determining whether a term is subjec-
tive or objective is a separate issue. An important direction for
future work is to apply the S-HAL model to the Subjective/Objec-
tive classification of terms. In addition, as all experiments in this
paper were performed on Chinese corpora and lexicons, it would
also be interesting to test the effect of the present method on Eng-
lish corpora and lexicons in future work.
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